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Abstract
We propose robust and e±cient tests and estimators for gene-environment/gene-
drug interactions in family-based association studies. The methodology is de-
signed for studies in which haplotypes, quantitative pheno- types and complex ex-
posure/treatment variables are analyzed. Using causal inference methodology, we
derive family-based association tests and estimators for the genetic main effects
and the interactions. The tests and estimators are robust against population ad-
mixture and strati¯cation without requiring adjustment for confounding variables.
We illustrate the practical relevance of our approach by an application to a COPD
study. The data analysis suggests a gene-environment interaction between a SNP
in the Serpine gene and smok- ing status/pack years of smoking that reduces the
FEV1 volume by about 0.02 liter per pack year of smoking. Simulation studies
show that the pro- posed methodology is su±ciently powered for realistic sample
sizes and that it provides valid tests and effect size estimators in the presence of
admixture and stratification.
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ABSTRACT
We propose robust and efficient tests and estimators for gene-
environment/gene-drug interactions in family-based association studies. The
methodology is designed for studies in which haplotypes, quantitative pheno-
types and complex exposure/treatment variables are analyzed. Using causal
inference methodology, we derive family-based association tests and estima-
tors for the genetic main effects and the interactions. The tests and estimators
are robust against population admixture and stratification without requiring
adjustment for confounding variables. We illustrate the practical relevance of
our approach by an application to a COPD study. The data analysis suggests
a gene-environment interaction between a SNP in the Serpine gene and smok-
ing status/pack years of smoking that reduces the FEV1 volume by about
0.02 liter per pack year of smoking. Simulation studies show that the pro-
posed methodology is sufficiently powered for realistic sample sizes and that
it provides valid tests and effect size estimators in the presence of admixture
and stratification.
1. Introduction
Gene-environment interactions are thought to play an important role in many
complex diseases; gene-drug interactions represent a special case. In asthma or COPD,
gene-environment interactions with smoking status or smoking history are believed
to be determinants of the severity of the disease (Celedon et al (2004), DeMeo et al
(2006)). In asthma, gene-drug interactions with steroid use are likely to affect lung
function phenotypes such as FEV1 (Tantisira et al (2005)). Although the hypothesis
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about interactions between genes and exposure variables is widely accepted in the field,
adequate statistical methodology is missing to test such hypotheses in the context
of haplotype analysis in family-based studies. So far most of the methodological
development has focused on models for gene-environment interactions with dichotomous
traits, such as affection status. Khoury and Flanders (1996) showed how environmental
risk ratios can be estimated using data from nuclear families of affected individuals.
Schaid (1999) and Umbach & Weinberg (2000) present likelihood-based approaches for
testing genotype-by-environment interactions and estimating risk ratios. The approach
of Schaid (1999) is based on a modified TDT which compares the transmission rates
of the alleles of interest among exposed and unexposed individuals. As pointed out
by Umbach & Weinberg (2000), differential transmission rates can also occur in the
absence of genotype-by environment interaction. Lunetta et al (2000) suggest several test
statistics that are based on a modified version of the TDT that accounts for potential
interactions by either stratifying on exposure status or by contrasting allele frequencies
between differently exposed individuals.
In general, the effects of gene-environment interactions are assumed to be small and
difficult to detect. Since most of the interactions are likely to increase or decrease the
risk of disease through intermediate phenotypes/endophenotypes, a statistically more
promising approach is to model the interaction between the exposure variable and the
phenotypes/endophenotype directly, e.g. modeling the interaction between lung function
phenotypes and smoking rather than the interaction between asthma and smoking.
However, the caveats of modeling interactions with complex phenotypes is that complex
phenotypes are more strongly influenced by other variables than the phenotype affection
status, e.g. the dependence of lung volume on height in asthma studies. The dependence
on such variables and factors can be difficult to model and, in many instances, the
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variables will be unknown or unrecorded, e.g. dust exposure at home in asthma studies.
In order to dissect a relatively small effect of a gene-environment interaction from the
noise induced by an unkown/unmeasured confounding variable, it is desired to have effect
size estimators and statistical tests that are robust against such unkown/unmeasured
confounding variables. Gauderman et al. (2003) developed an approach to test for
gene-environment interaction that is based on the Q-TDT (Abecasis et al. (2000)).
When the phase of the haplotype is ambiguous, extensions of Q-TDT approaches to
haplotype analysis are not straightforward and have not yet been implemented (Purcell
et al (2005)).
Using causal inference methodology, we derive a universal approach to model
gene-environment / gene-drug interactions that can be applied when haplotypes, complex
phenotypes and complex exposure variables are analyzed. The methodology is developed
based on causal diagrams (Pearl (2000), Robins (2001)), and makes family-based
association tests and estimators available for gene-environment interactions between
quantitative phenotypes and complex exposure variables. The proposed methodology is
robust against population admixture, stratification, and confounding due to non-genetic
factors. The estimators for the genetic main effect and the gene-environment interaction
are unbiased, even when confounding variables are not included in the model, and thus
satisfy the desiderata mentioned in the previous paragraph. In the absence of interaction
effects, the approach simplifies to the FBAT-approach (Rabinowitz and Laird (2000),
Laird et al. (2000), Lange et al (2002), Laird and Lange (2006)). We illustrate the
methodology by an application to the Boston Early-Onset COPD study (Silverman et
al. (1998)) in which the approach provides estimates for a gene-environment interaction
with smoking and FEV1. The power and the robustness of the method are assessed by
simulation studies.
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2. Methods
In this section, we introduce a general statistical framework for estimating and
testing genetic effects and gene-exposure interactions, using haplotype data from nuclear
families with quantitative phenotypes and complex exposure variables. We develop
a general test for interaction (QBAT-I) and estimators for the main effect and the
gene-exposure variable interaction which are valid in the presence of unmeasured
confounding due to population admixture and other non-genetic/environmental factors.
We assume that n independent nuclear families with m offspring are given. A set
of tightly linked markers is genotyped, i.e. there is assumed to be no recombination
between markers, for each offspring and both parents. For simplicity, we assume here
that the parent’s genotypes are observed. Extensions to scenarios in which the parental
genotypes are missing or extended pedigrees are given, are straightforward (Rabinowitz
& Laird (2000), Horvath et al. (2004)).
The phased set of alleles for the jth offspring in the ith family is denoted by Gij.
We define X(.) to be the coding function of the haplotypes for the phased genotypes.
When the haplotypes cannot be inferred and are ambiguous, X(.) is the weighted
sum of possible haplotypes with weights proportional to the corresponding haplotype
frequencies (Horvath et al., 2004). We allow parental haplotype data to be missing or
incomplete. The minimal sufficient statistics of the haplotype distribution in the family
is given by S (Horvath et al., 2004). Using the algorithm outlined in Horvath et al.
(2004), we can construct the sufficient statistic S for any nuclear family with arbitrary
number of offspring and regardless of the availability of parental genotypes. For the jth
offspring in the ith family, we denote the environmental exposure variable of interest by
Zij. The environmental exposure variable can be of arbitrary type, e.g. dichotomous or
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continuous. For simplicity, we assume here a single environmental exposure variable.
The extension to multiple exposure variables is straightforward.
The standard biometric model for the phenotype is given by
E(Yij) = µij (Zij,Si) + βtmainX(Gij) + βtinterX(Gij)Zij (1)
where the parameter vector βmain defines the genetic main effect and the parameter
vector βinter the gene-environment interaction. In particular, the kth component,
k = 1, ..., p, of βmain expresses the main effect of the kth haplotype on the trait. Likewise,
the kth component of βinter expresses whether the effect of the kth haplotype on the
trait interacts with environmental exposures.
In order to obtain an approach that is robust against mis-specification of the mean
model (1) with respect to other factors that are not of direct interest in the analysis
(e.g. main effects of environmental exposures, parental mating types, other known or
unknown covariates, etc), we permit such a general, unspecified dependence of the
phenotype Yij on other factors, i.e. µij ≡ µij (Zij,Si). It follows that the validity of the
proposed methodology does not require correctly specifying µij. Nonetheless, the power
of the tests and precision of the estimators may be significantly improved by making a
good choice for µij. In the next paragraph, we report on how the optimal choice for µij
can be obtained.
Throughout, we assume that Mendel’s law of random segregation holds and is not
distorted by the environmental effect Zij ( i.e. for each mating type, the proband’s
exposure variable and the proband’s haplotype are independent). Using ideas from
causal inference (Robins, Mark and Newey, 1992), we derive the estimating equation for
the main effect βmain and the gene-environment interaction βinter:∑
i,j
(
∆X(Gij)
∆X(Gij)Zij
){
Yij − µij − βt1X(Gij)− βtinterX(Gij)Zij
}
= 0 (2)
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where ∆X(Gij) = {X(Gij)− E (X(Gij)|Si)} is the observed transmission distortion.
Note that each choice of µij will lead to valid inference for the main genetic effect and
its interaction with environmental exposures. In particular, we may set µij = 0 for
simplicity. An optimal choice for µij that leads to powerful tests and efficient estimators
is obtained using the following two-step approach. In the first step, we estimate the main
effect βmain and the gene-environment interaction βinter with µij the average observed
trait value. In the second step, we obtain the optimal choice for µij as the predicted
value from a linear regression of the residual trait values Yij−βt1X(Gij)−βtinterX(Gij)Zij
(with βmain and βinter replaced by their first-step estimates) on environmental exposures
Zij and parental mating types (as summarized through the sufficient statistic Si).
Misspecification of the second-step regression will not invalidate our approach, but may,
at worst, lead to a loss of power.
Based on estimating equation (2), score tests for the genetic main effect and
gene-environment interactions can be constructed. Using causal diagrams, we show
in Appendix I that such score tests are robust against population admixture. In the
absence of an environmental exposure variable and for a single haplotype (p = 1), the
score test for the null hypothesis of no genetic effect (H0 : βmain = 0) is equivalent
to the HBAT-statistic proposed by Horvath et al. (2004), HBAT =
∑
i,j ∆X(Gij)Yij.
For single SNP-analysis, the score test based on S(0) simplifies to the FBAT-test
(Laird et al. (2000), Rabinowitz and Laird (2000)). In the presence of environmental
exposures, an overall score test for the null hypothesis of no genetic main effect and no
gene-environment interaction may be derived from the score∑
i,j
(
∆X(Gij)
∆X(Gij)Zij
)
Yij.
Such a score test can be interpreted as an extension of the FBAT-GEE approach
(Lange et al. (2003)) for multivariate phenotypes to haplotype analysis, where the first
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component of the multivariate phenotype is given by yij and the second by yij ∗ zij. The
same test would also be obtained by extending the approach in Lunetta et al. (2000) to
haplotype analysis.
A score test for gene-environment interaction in the presence of genetic main
effects: QBAT-I
In this section, we construct a score test for gene-environment interaction when
a genetic main effect has been detected. The basic idea for the derivation of such a
test is that, after removing the overall genetic main effect βmainX(Gij), the phenotypes
should retain no residual dependence on the haplotypes conditional on environmental
exposures and the sufficient statistic, unless the null hypothesis is false ( i.e. unless there
is gene-environment interaction). Under the null hypothesis of no gene-environment
interaction, the expected value E (X(Gij)|Si) in the haplotype residuals ∆X(Gij) can
therefore be computed based on Mendelian transmission, using the algorithm by Horvath
et al. (2004), and does not need to be adjusted for the genetic main effect. Following
this idea, we define the QBAT-I test statistic by
StΣ−1S
where S =
∑
i Si, Σ = nV̂ ar (Si) and
Si =
∑
j
∆X(Gij) (Zij − µ̂z)
{
Yij − β̂t1X(Gij)
}
(3)
with
β̂1 =
{∑
i,j
∆X(Gij)X
t(Gij)
}−1∑
i,j
∆X(Gij)Yij,
an estimate for the main genetic effect under the null hypothesis no gene-environment
interaction (H0 : βinter = 0, allowing for a genetic main effect), and
µ̂z =
∑
i,j
Zij∆X(Gij)X
t(Gij)
{∑
i,j
∆X(Gij)X
t(Gij)
}−1
, (4)
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a weighted average of the environmental exposures. In Appendix 2, we show that this
choice of µ̂z ensures that QBAT-I follows a chi-square distribution with p degrees of
freedom. In addition, we show that the test statistic based on (3) is robust to unmeasured
confounding due to population admixture and does not require assumptions about the
probability distribution of the haplotypes. Using the same arguments as in Horvath et
al. (2004), under the null-hypothesis of no main effect and no interaction, it can be
shown that the validity of approach will not depend on the correct specification of the
haplotype frequency when the phase is unknown. However, when testing for interaction
in the presence of a main effect, the validity of the approach will depend on the correct
specification of the haplotype frequencies. Hence, if population admixture cannot be
ruled out to effect the frequency estimates, it is recommended to run the analysis twice,
once using only probands for which the haplotypes could be inferred, and, then, a
complete analysis, including also the probands with ambiguous haplotypes.
Estimation of the genetic main effect and the gene-environment interaction
By solving the estimating equation (2), estimators for both the genetic main effect
βmain and the gene-environment interaction can be obtained. Their asymptotic variance
is given by
V̂ ar
 β̂main
β̂inter
 = n−1Γ−1V̂ ar−1{∑
j
Sij
(
β̂
)}
Γ−1
where Γ = Ê
∑
j
 ∆X(Gij)X t(Gij) Zij∆X(Gij)X t(Gij)
Zij∆X(Gij)X
t(Gij) Z
2
ij∆X(Gij)X
t(Gij)

where Ê and V̂ ar denote the sample mean and variance, respectively. Based on the
effect size estimates and their asymptotic variances (5), Wald tests for the genetic main
effect βmain and the gene-environment interaction βinter can be constructed and form an
alternative to the score test of the previous section. In this paper, we will refer to both
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Wald tests as QBAT and QBAT-E, respectively. The multivariate Wald-test (Heyde
1997) which tests the composite of no main genetic effect and no gene-environment
interaction is denoted by QBAT 2. In Appendix 2, we show that both estimates for
the main genetic effect βmain and the gene-environment interaction βinter are robust
against population admixture under the assumption that the genetic main effect and
the interaction do not depend upon the parental haplotypes. Both tests QBAT and
QBAT-E, just like QBAT-I, are therefore not valid in the presence of maternal effects
and/or imprinting. Once again, under the null-hypothesis of no main effect and no
interaction, it can be shown that the validity of approach will not depend on the correct
specification of the haplotype frequency when the phase is unknown. However, when
testing for interaction in the presence of a main effect, the validity of the approach will
depend on the correct specification of the haplotype frequencies. Hence, if population
admixture cannot be ruled out to affect the frequency estimates, it is recommended
to run the analysis twice, once using only probands for which the haplotypes could be
inferred, and, then, a complete analysis, including also the probands with ambiguous
haplotypes.
3. Application to a family-based study of COPD (Silverman et al. (1998))
We applied the gene-by-environment interaction methods to 128 extended pedigrees
from the Boston Early-Onset COPD Study. Post-bronchodilator measurements of
forced expiratory volume at 1 second (FEV1) were used as the quantitative trait of
interest in this analysis. The gene of interest for these analyses is SERPINE2, a gene
in the chromosome 2 linkage region previously shown to be associated with COPD
(DeMeo et al (2006)). Six SNPs ( ser6(Rs920251), ser50(Rs7562213), ser55(Rs840088),
ser51(Rs7579646), ser8 (Rs1438831) and ser37(Rs282253)) in the region that showed the
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strongest signal in the analysis by DeMeo et al (2005) were selected for the analysis.
FEV1 is a key intermediate phenotype of COPD; because FEV1 depends on the age,
height, and sex of the individual, these variables were used as covariates in our analyses
to improve the power for the gene-environment interaction test. Smoking is considered
to be the key environmental exposure relevant to the development of COPD, and can be
modeled both as a binary variable (ever/never smoker coded as 0 and 1) and a continuous
variable (number of packs-years, where smoking one pack of cigarettes per day during 1
year equals one pack-year). We first analyzed SNP-by-exposure (smoking) interactions
using a qualitative trait indicating whether an individual ever smoked before. We then
evaluated the interaction of this same exposure variable and SERPINE2. After using a
binary exposure variable, we then looked at the same SNP and haplotype interactions
using pack-years, a quantitative measure of smoking. We modeled the data using a
dominant model with at least 5 informative families and specified the empirical sandwich
estimator to calculate the variance. Because linkage was previously reported at this gene,
we used the null hypothesis of linkage but no association throughout this gene.
Table 1 lists the test results and the effect size estimates for the SNP and sliding-
window haplotype analysis with gene-environment interaction for both the qualitative
and the quantitative exposure measures for smoking. The sliding window haplotype
analysis is shown for window sizes of 2-6 SNPs. The target haplotype is defined by
the minor allele for each SNP that is included in the haplotype definition. Included in
the table are the markers, alleles, number of SNPs that make up the haplotype, and
four p-values for each exposure variable: 1) the p-value for QBAT-I, the score test for
an interaction in the presence of an main effect; 2) the effect size estimates for the
interaction βinter; 3) the p-value for QBAT-E, the Wald-test for the interaction; 4) the
effect size estimates for the main effect βmain; 5) the p-value for QBAT, the Wald-test for
Hosted by The Berkeley Electronic Press
– 12 –
a main effect; 6) the p-values for QBAT 2 and FBAT-GEE, the joint tests for the main
effect and interaction terms.
In the single SNP-analysis, SNP SER51 shows the strongest signal. The p-values
for QBAT-I and QBAT-E suggest an interaction with smoking status and number of
packs-years. From QBAT, a main effect does not seem to be present. For both exposure
variables, the p-values for QBAT-I and QBAT-E are smaller than the p-values for
QBAT 2 and FBAT-GEE, the joint test for a main effect and interaction. Together with
the non-significant test results for QBAT (the test for a main effect), this suggests the
absence of a main effect (given the possible presence of an interaction).
The ”signal” of SNP51 is maintained in the sliding-window haplotype analysis. For
each sliding-window haplotype analysis, we observe consistently significant p-values for
interaction between the haplotypes that carry the 101 allele for SNP51 and smoking
status/pack years of smoking. The effect size estimates for this interaction are also
consistent throughout the analysis, suggesting a decrease in FEV1 measurements
for the combination of the haplotypes with the 101 allele for SNP51 and smoking
exposure/pack-years of smoking. A consistent decrease of FEV1 of about 1.2-1.4 liter
for smokers is observed. When the interaction is assessed in terms of pack-years, we
observe a decrease in FEV1 of about 0.02 liters per pack year. These differences in effect
size estimates further highlight the importance of modeling complex exposure variables,
e.g. pack years of smoking, rather than ad-hoc variables such as smoking status. While
the effect estimate for pack-years is realistic, the effect size estimate for smoking status
is harder to interpret because it mixes effects for severe and occasional smokers. It
is worthwhile being mentioned that the 6-SNP haplotype analysis still maintains the
”signal” of SER51, which suggest an advantage of the haplotype analysis in terms of
statistical power when p-values are adjusted for multiple comparisons.
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In terms of analysis strategy, we observe that the tests QBAT-E and QBAT-I
are more powerful than the overall tests FBAT-GEE and QBAT 2 when there is an
interaction effect, but no main effect. In addition, they preserve the significance level
when there is no interaction effect, but a main effect. Furthermore, more significant
and consistent results are obtained when the interaction is modeled with the complex
exposure variable, i.e. pack-years, than with smoking status. In summary, these analysis
findings suggest power gains of a gene-environment interaction analysis that is based on
haplotypes analysis and complex exposure variables.
4. Simulation studies
Using simulation studies, we examine the properties of the proposed test statistics
and estimators under various scenarios. The goal of the simulation studies is to assess
both the power of the methodology for realistic sample sizes and its robustness against
population admixture and stratification. The effects of different family-structures and
varying LD on the haplotype reconstruction algorithm by Horvath (2003) and the power
of the FBAT statistic have been assessed in Horvath et al (2003). Since our methodology
to reconstruct haplotypes is based on this algorithm, the conclusion of the findings by
Horvath et al (2003) and Xu et al (2006) also apply here and will not be revisited in the
simulation study.
For all the simulation studies shown in this section, we used a haplotype block
defined by 5 SNPs as the platform for our simulation studies. We compare the proposed
test statistics to the approach suggested by Lunetta et al. (2000) which can be extended
to haplotype analysis by using the algorithm by Horvath et al. (2004). The approach
constructs an FBAT-GEE statistic (Lange et al (2003)) that tests jointly for a main
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effect and an interaction effect. The caveat of the approach is that it does not provide a
direct test for gene-environment interactions, since a rejection of the joint null hypothesis
of no main effect and no interaction is not necessarily attributable to the presence of
an interaction effect. Furthermore, the efficiency and unbiasedness of the effect size
estimators are also examined in this simulation study.
For the data generation under the alternative hypothesis, we assume the following
phenotypic model
E(Yij) = µ + γmain ∗ h ∗X(Gij) + γinter ∗ he ∗ X(Gij) Zij + Zij
where X(Gij) counts the number of the target haplotypes in the proband. Under
this assumption, only the target haplotype has an effect on the proband’s phenotype.
The environmental exposure variable is independently generated from the empirical
distribution of pack-years for smoking from the Boston Early-Onset COPD Study
(Silverman et al (1998)). The histogram of the distribution is shown in Figure 2.
The ”target” haplotype is simulated in the parental generation based on the
pre-specified frequency. In order to assess the different methods under a wide range of
possible haplotype configurations, we simulate different frequencies for all remaining
haplotypes in each replicate of the simulation study. In each replicate, the frequencies of
the remaining haplotypes are drawn from a uniform distribution so that all frequencies
sum up to 1. Based on these simulated frequencies, the remaining haplotypes in the
parents are generated and the haplotype distribution in the probands is derived based on
Mendelian transmissions from the parents to the offspring.
Assuming a sample size of 500 trios, we examined various combinations for the genetic
main effects βmain = γmain∗h and the gene-interaction effects βinter = γinter∗he. The power
and the significance level were estimated based on 100,000 replicates. The parameters h
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and he were specified so that the corresponding effect explains 2.5% of the phenotypic
variation, i.e. Corr(Y, h ∗X(Gij)) = 0.025 and Corr(Y, he ∗ Zij ∗X(Gij)) = 0.025. Since
we were not able to derived closed analytical forms for this expression, the values for h
and he were obtained numerically.
For a variety of haplotype frequencies and parameter values for γmain and γinter,
the estimated power levels and nominal significance levels are shown in Table 2. Both
interaction tests QBAT-I and QBAT-E maintain the specified significance level well, even
in the presence of a main effect. In the presence of both a main effect and an interaction
effect, the approach by Lunetta et al. (2000) achieves power levels that are slightly below
the highest power levels obtained either by QBAT, QBAT-E or QBAT-I. However, in
the absence of a main effect, the highest observed power estimates are obtained with the
proposed methodology. The overall joints tests for the main effect and the interaction
are then not able to distinguish between both types of effects.
To evaluate the benefits of using a quantitative exposure variable versus a
dichotomous exposure variable, we converted the continuous exposure variable into a
dichotomous variable. Initial simulation studies showed that the highest power estimates
were obtained by using the median as a cut-off value for the conversion of the continuous
exposure variable into a discrete exposure variable. The simulation results for the
discretized exposure variable are shown in the second part of the table. The advantages
of the use of the continuous exposure variable over the dichotomous exposure variable
are obvious. For testing the overal null hypothesis of no genetic effect (i.e. no main effect
and interaction), the multivariate QBAT 2 test appears optimal in the presence of both a
main genetic effect and a gene-environment interaction. However, in scenarios in which
there is no genetic main effect, the QBAT-I test statistic seems to be advantageous. It
is important to note that, although the relative effect size is kept constant for the all
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haplotype frequencies, the power decreases as the haplotype frequency increases. This
observation holds for all tests that were considered here. While more information about
genetic effects is generally available with increasing haplotype frequency, this effect
is likely attributable to the phase uncertainty of the haplotype when the unobserved
haplotypes are reconstructed. The phase uncertainty is more pronounced when the
target haplotype frequency is higher and so the information about the number of the
target haplotypes X(Gij) becomes less precise.
In order to quantify/examine the effects of population admixture and stratification
on our approach, we repeated the simulation study assuming 2 distinct populations
with different haplotype frequencies and different overall mean. The analysis sample
will draw 70% of the families from the first population and the remaining 30% of
the families from the second population (Table 3). In the second population, the
target haplotype has a frequency that is 10% higher than in the first population.
We generated a mean difference between the 2 sub-populations that accounted for
2.5% of the overall phenotypic variation and that was selected so that, under the null
hypothesis, the combination of different means and different allele frequencies in both
sub-populations would suggest a spurious association in a population based analysis.
Under the alternative hypothesis, the direction of the mean difference was selected so
that the genetic signal was diluted as much as possible, i.e. in the opposite direction
of the spurious association. The estimated nominal significance levels and estimated
power levels are shown in Table 3. The simulation results suggest that the proposed
tests work well under both hypotheses. The tests maintain the nominal significance
level under the null-hypothesis and achieve sufficient power levels under the alternative
hypothesis. The simulation results also indicate that, in the presence of population
admixture and stratification, it is more powerful to model complex interaction variables
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as quantitative measurements rather than to use ”discretized” variables. Again, for
testing the overall hypothesis of no genetic effect, QBAT-I performs best if one expects
only a gene-environment interaction and the multivariate QBAT 2 Wald test otherwise.
Further, we assessed potential biases of the effect size estimators, and their efficiency
in terms of the average standard deviation. Based on the previous 10,000 replicates,
Table 4 shows the mean effect size estimates relative to the true effect size for both the
main effect and the interaction, and the average standard deviation of the 2 estimators
relative to the true effect size. The estimates are presented for both scenarios, in the
absence and presence of population admixture and stratification. While the effect
size estimator for the gene-environment interaction shows a small tendency towards
underestimation, the main effect estimator is unbiased. The effect of admixture on both
estimators is negligible. As expected based on the simulation results for the statistical
power, the average standard errors of both estimators increase when the allele frequency
is increasing. In general, the impact of admixture and stratification on the performance
of the estimators is small.
In summary, the simulation studies indicate that the proposed methodology is
sufficiently powered to detect gene-environment interaction for relatively moderate
sample sizes. The theoretical robustness against admixture and stratification could be
confirmed in the simulation studies as well. Realistic degrees of confounding through
undetected subpopulation structures will have only limited impact on the power of
the tests and bias the effect size estimates only marginally towards underestimation.
It is important to note that the observed power levels are presented under simplified
assumptions, e.g. ignoring the multiple comparison problem, gene-gene interaction, etc.
In real applications, smaller power levels ought to be observed, as for any other type
of haplotype analysis. The goal of our simulation study was to assess the potential of
Hosted by The Berkeley Electronic Press
– 18 –
using causal inference methodology to model gene-environment/durg interactions and to
compare it to the standard approaches that are currently used (Lunetta et al (2000)).
5. Discussion
With the completion of the HapMap project and the first successful genome-wide
association studies (Herbert et al (2006)), the stage is set for the identification of
moderate genetic effects and their interplay with the environmental factors. Many of
the important phenotypes for complex diseases such as asthma, COPD or obesity are
quantitative, e.g. FEV1, BMI, etc., and depend on other factors such as age, gender
and so on. Environmental exposures are believed to play an important role in modifying
the genetic effects for such traits. In order to identify and to understand the underlying
genetic mechanisms for complex diseases, statistical methodology that is able to detect
the relatively small observable effects of gene-environment interaction effects on the
phenotypes and that is robust and unbiased against unknown confounding will be crucial.
In this manuscript, we proposed a novel approach for haplotype analysis to
assess the genetic main effect and the gene-environment/gene-drug interaction in a
causal inference framework. The tests and estimators are robust against confounding
due to unknown population substructures and other exposure variables. They
outperform the available methodology and are relatively easy to compute. Their
advantages have been illustrated in an application to a COPD study. The approach
has been fully implemented in the PBAT-package which is freely available at
http://www.biostat.harvard.edu/∼clange/default.htm. Note however that the approach
cannot be used to test for gene-gene interaction, partly because the assumption fails
that the proband’s exposure and haplotype are independent. In future work, we plan to
http://biostats.bepress.com/cobra/art11
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address the additional challenges that must be met to test for gene-gene interaction.
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Appendix 1
Key to the validity of the methods in this paper is the unbiasedness of the estimating
function (2) under the genetic model. Denote Yij(β) ≡ Yij−βtmainX(Gij)−βtinterX(Gij)Zij,
then the expected estimating function E
[(
∆X t(Gij) ∆X
t(Gij)Zij
)
Yij(β)
]
equals
E
[(
∆X t(Gij) ∆X
t(Gij)Zij
)
E {Yij(β)|X(Gij), Zij,Si}
]
= E
[(
∆X t(Gij) ∆X
t(Gij)Zij
)
µij (Zij,Si)
]
= E
[(
E {∆X(Gij)|Zij,Si} E {∆X(Gij)|Zij,Si}Zij
)
µij (Zij,Si)
]
= E
[(
E {∆X(Gij)|Si} E {∆X(Gij)|Si}Zij
)
µij (Zij,Si)
]
= 0
The choice of µ̂z in (3) guarantees that the score test statistic (3) is uncorrelated with
the scores needed for estimation of the main genetic effect βmain. The variance of our
score tests can therefore be estimated by the sample variance without further correction
for estimation of this nuisance parameter. It further follows from the usual properties of
score functions and under mild regularity conditions that the score statistic (3) follows
an asymptotic p-variate normal distribution with mean zero under the null hypothesis.
After standardization to a standard normal distribution and subsequent squaring, the
test statistic follows an asymptotic chi-square distribution with p degrees of freedom.
Appendix 2
In this Appendix, we show that the our test procedure is robust against confounding
due to population admixture. We express the standard scenario for family-based
association tests as described in Rabinowitz and Laird (2000) for a single haplotype
and augmented with exposure variables Z1 and Z2, by means of the causal diagram
in Figure 1 (Pearl (2000), Robins (2001)). This is a convenient representation of the
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(causal) assumptions required for inference. In this diagram, U1 and U2 are (possibly
unmeasured) confounders representing unknown population admixture. Edges represent
the possibility of a direct causal relationship. The edge from the sufficient statistic S
to the phenotype serves the purpose to allow for family specific effects, e.g. shared
environment. We allow for some exposures (Z1, U1) to influence the parental mating
types and others (Z2, U2) to be influenced by them (e.g. through maternal imprinting).
The basic assumption expressed by Figure 1 is that the proband’s haplotypes can
only be affected through the sufficient statistic (see also Vansteelandt and Lange, 2006).
This assumption underlies the validity of FBAT and is valid when, as we assume, the
haplotype distribution in the probands is defined only through Mendelian transmissions
once the sufficient statistic S is known. Under this diagram, a graphical rule called
d-separation (Pearl (2000), Robins (2001)) then provides insight how to identify or
estimate the genetic effect, which is expressed through the edge from X to Y . The key
to understanding this rule is that haplotypes and phenotypes are not only correlated due
to a possible direct (i.e. genetic) effect, but also due to possible spurious associations
created along those remaining paths that have no converging arrows (i.e. →←), namely
X ← S → Y,X ← S → (Z2, U2) → Y and X ← S ← (Z1, U1) → Y . D-separation
indicates that each such path can be blocked by stratifying the analysis by one or several
measured variables along that path. When testing for gene-environment interaction, the
analysis is already stratified by Z1 and/or Z2. D-separation then shows that all spurious
associations between the haplotype and the phenotype can be eliminated by additionally
stratifying on the sufficient statistic S. This is because S intercepts all spurious (
i.e. non-causal or non-genetic) paths. It follows that gene-environment interactions
can be identified by modelling, as in this article, the trait distribution conditional on
the haplotype, environmental exposure and the sufficient statistic, even when there
Hosted by The Berkeley Electronic Press
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is population admixture. Note also that the assumption of conditional independence
between the haplotype and environmental exposure, given the sufficient statistic, holds
under Figure 1. This is so because all paths from X to Z1 and Z2 are intercepted by
the sufficient statistic (indeed, the paths X → Y ← Z1 and X → Y ← Z2 are already
blocked because of the converging arrows). These arguments extend directly to multiple
haplotypes.
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Table 2. Power estimates for FBAT-GEE, QBAT 2, QBAT, QBAT-E and QBAT-I in
the absence of population admixture and stratification
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Table 3. Power estimates for FBAT-GEE, QBAT 2, QBAT, QBAT-E and QBAT-I in
the presence of population admixture and stratification
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Table 4. Relative bias and efficiency of the effect size estimators in the presence and
absence of population admixture. The relative bias of the effect size estimator for the
genetic main effect βmain and the gene-environment interaction βinter are based on 10,000
replicates and are denoted by E(βˆmain)
βmain
and E(βˆinter)
βinter
. The mean standard deviation relative
to the effect size is denoted by
√
(V ar(βmain))
βmain
and
√
(V ar(βinter))
βinter
.
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Fig. 1.— Causal diagram to represent data from a family-based study with genetic effects
(X), measured environmental exposure effects (Z), unmeasured population stratification
(U),and maternal imprinting (S).
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Fig. 2.— Histogram of pack years of smoking in the Boston Early Onset COPD study
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